In this work we apply and expand on a recently introduced outlier detection algorithm that is based on an unsupervised random forest. We use the algorithm to calculate a similarity measure for stellar spectra from the Apache Point Observatory Galactic Evolution Experiment (APOGEE). We show that the similarity measure traces nontrivial physical properties and contains information about complex structures in the data. We use it for visualization and clustering of the dataset, and discuss its ability to find groups of highly similar objects, including spectroscopic twins. Using the similarity matrix to search the dataset for objects allows us to find objects that are impossible to find using their best fitting model parameters. This includes extreme objects for which the models fail, and rare objects that are outside the scope of the model. We use the similarity measure to detect outliers in the dataset, and find a number of previously unknown Be-type stars, spectroscopic binaries, carbon rich stars, young stars, and a few that we cannot interpret. Our work further demonstrates the potential for scientific discovery when combining machine learning methods with modern survey data.
INTRODUCTION
Extracting and analyzing information from ongoing and future astronomical surveys, with their increasing size and complexity, requires astronomers to take advantage of the tools developed in the (also rapidly growing) fields of data science and machine learning. Most commonly in astronomy, these methods enable detection or classification of specified objects using supervised machine learning (ML) algorithms, while unsupervised ML is used to search for correlations or clusters in high dimensional data. Recent examples for such work are Bloom et al. (2012) -identification and classification of transits and variable stars using imaging, Meusinger et al. (2012) -outlier detection with quasar spectra, Masci et al. (2014) -classification of periodic variable stars using photometric time-series, Baron et al. (2015) -clustering diffuse interstellar band lines based on their pairwise correlation, Miller et al. (2017) -Star-Galaxy classification based on imaging. A review of data science applications in astronomy can be found in Ball & Brunner (2010) .
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In this work we focus on unsupervised exploration of a dataset based on a similarity matrix, containing a pair-wise similarity measure between every two objects (the simplest possible measure being the euclidean distance between the features of two objects). We show that such a similarity matrix (or its inverse, the distance matrix) is a powerful tool for exploring a dataset in a data-driven way. We calculate an unsupervised Random Forest based similarity measure for stellar spectra and show that, without any additional input other than the spectra themselves, the similarity matrix traces physical properties such as metallicity, effective temperature and surface gravity. This allows us to visualize the complex structure of the dataset, to query for similar objects based on their spectra alone, to put an object in the context of the general population, to scan the dataset for different object types, and to detect outliers.
These possibilities are only partly available with traditional representation of an object in an astronomical database, i.e. by its fit parameters. Fitting a model requires making assumptions about the object. This can work well for a large fraction of the data, but usually cannot account for all the objects nor all of the features. In datasets com-posed of astronomical spectra, the model fitting is usually based on spectral templates, that do not cover the entire range of parameters available in the dataset. Furthermore, templates are usually not available for rare or unexpected objects. This leaves a fraction of the objects, even if well understood, not well fitted, and impossible to query using the database.
Generative models have recently gained popularity within the astronomical community and outside of it, as they solve some of the issues raised above. Generative models are generated from the dataset, with few to no assumption about the data structure and distribution of information content. These models, which are purely data-driven, have been shown to generalise well, and describe even the most extreme objects in the sample without the need for dedicated treatment. An example of generative models is generative adversarial neural networks (GANs), for a recent use in astrophysics see Schawinski et al. (2017) . In this work, we show that the unsupervised RF algorithm can be viewed as a generative model, as it grasps complex features in the dataset, and is able to describe the most extreme objects in the sample in the same context as the common ones.
Perhaps the most intriguing usage of a similarity matrix is outlier detection. Outliers in a dataset can have different origins and interpretations. Some are measurement or data processing errors, and others are objects not expected to be in the dataset, extreme and rare objects, and most importantly, unknown unknowns -objects we did not know we should be looking for. In addition, in astronomy, rare objects could actually be important and common evolutionary phases that are short lived, and therefore challenging to observe. It is worth noting that finding the mundane outliers is still useful in order to clean the dataset from erroneous and unwanted objects, to allow for a better analysis of the rest of the sample.
Outlier detection algorithms can be divided into different types: (i) Distance based algorithms, which we use in this work, relying on a (case specific) definition of a pair-wise distance between the objects, (ii) Probabilistic algorithms, based on estimating the probability density function of the data, (iii) Domain based algorithms, which create boundaries in feature space, (iv) Reconstruction based algorithms, which model the data and calculate the reconstruction error as a measure for novelty, and (v) Information-theoretic algorithms, which use the information content of the data (for example by computing the entropy of the data), and measure how specific objects in the dataset change this value. For a review see Pimentel et al. (2014) . We use a distance based algorithm as it allows us to explore the data in additional ways, as discussed above. One thing to note is that for a large and complex enough dataset it is likely that there is not a single outlier detection algorithm that is best, i.e. one algorithm that detects all the interesting outliers. In general, different algorithms could be sensitive to different types of outliers. An obvious test for such an algorithm is whether it detects the expected outliers, if it does then it could be worthwhile to investigate all the detected outliers. But even then there is no guarantee that a different algorithm would not detect additional interesting objects.
In this work we expand the outlier detection algorithm presented in 1 and apply it to infrared stellar spectra. The core of the algorithm is calculating a distance matrix of the objects in the sample This distance is based on Random Forest Dissimilarity. For Random Forest (RF) see Breiman et al. (1984); Breiman (2001) , for RF Dissimilarity see Breiman & Cutler (2003) ; Shi & Horvath (2006) . There are many possible choices for a similarity measure, a simple example being the euclidian distance between the features of the objects. See Yang (2006) for a survey of distance metric learning. It is known (see Yang (2006) and references therein) that a good choice of distance metric can improve the accuracy of K-nearest-neighbor classification (a common application of a distance metric), over simple euclidian distances. Similarly to outlier detection algorithms, there is no best distance metric, even for a specific dataset. As there are many possible usages for a distance metric, it is even less clear how such best distance metric would be defined. An intuitive reason to use RF dissimilarity is that, as described below, it is sensitive to the correlation between different features. This is is often of importance in spectra. For instance line ratios are usually of more interest then the strength of a single line. A euclidian distance metric will be more sensitive to strength of single lines. See GarciaDias et al. (2018) for an application of an euclidian distance metric in a clustering algorithm with APOGEE spectra. applied this algorithm to find outliers in galaxy spectra from Sloan Digital Sky Survey (SDSS; Eisenstein et al. 2011 ) and used the distance matrix to detect outliers. They found spectra showing various rare phenomena such as supernovae, galaxy-galaxy gravitational lenses, and double peaked emission-lines, as well as the first reported evidence for AGN-driven outflows, traced by ionized gas, in post starburst E+A galaxies. The last discovery is discussed in . The algorithm was applied to galaxy spectra using the flux values at every wavelength as features for the RF (i.e., without generating user defined features). Here we do the same with stellar spectra from the Apache Point Observatory Galactic Evolution Experiment (APOGEE, Majewski et al. 2016) , which is part of the SDSS-III, and explore additional applications of the distance matrix produced by the algorithm. We visualize the distance matrix using the t-Distributed Stochastic Neighbor Embedding (t-SNE) algorithm (van der Maaten & Hinton 2008), find objects which are similar to objects of interest, and find the most similar objects in the dataset (that isspectroscopic twins). This paper is organized as follows. Section 2 describes the APOGEE dataset we use in this work. In section 3 we use t-SNE to visualize the distance matrix produced by our algorithm, and show that it traces stellar parameters. We use the distance matrix to find groups of similar objects, and spectroscopic twins. In section 4 we discuss ways to select and classify outliers efficiently. In section 5 we present the classification of the outliers we detected. We summarize in section 6.
APOGEE SPECTRA
The 14th SDSS data release (DR14; Abolfathi et al. 2017) contains the first data release for the APOGEE-2 survey. The APOGEE-2 survey consists of high resolution (R ∼ 22,500), high signal to noise ratio (typically S/N > 100), infrared H-band (1.51-1.70 µm) spectra for ∼ 263,000 different stars. The APOGEE-2 main survey spans all galactic environments (bulge, disk, and halo) and is composed mainly of red giant stars. The main survey targets were chosen using a cut on the H-band magnitude, gravity-sensitive optical photometry, and dereddened (J − K s ) 0 color limits. The color limit and optical photometry criteria are intended to separate red giants from main sequence dwarfs. The APOGEE-2 dataset contains ∼ 32,000 non main survey targets, including ∼ 13,300 ancillary targets, and ∼ 27,000 hot stars used for telluric correction. More details on the target selection in APOGEE-2 are in Zasowski et al. (2017) . A large fraction of the work done with APOGEE data is devoted to investigating the Milky Way structure and evolution using chemical abundances and radial velocities (RVs) derived from the spectra; for examples see Frinchaboy et al. (2013); Nidever et al. (2014) ; Bovy et al. (2014) ; Ness et al. (2015) ; Chiappini et al. (2015) ; Hayden et al. (2015) . We note that APOGEE spectra are rich with information, and a single spectrum can contain hundreds of absorption lines.
The input to our algorithm is the pseudo-continuum normalized (PCN) spectrum. The pseudo-continuum normalization procedure is done with the APOGEE Stellar Parameters and Chemical Abundances Pipeline (ASPCAP; García Pérez et al. 2016 ) in order to remove variations of spectral shape arising from interstellar reddening, errors in relative fluxing, detector response, and broad band atmospheric absorption. The APOGEE spectra contain two gaps in wavelength. Our preprocessing stage consists of removing flux values in these gaps (these values are set to zero in the original PCN spectrum), as well as interpolating the spectra to the same wavelength grid. This leaves us with 7,514 flux values per object, which are the features used by the outlier detection algorithm.
Applying our algorithm to the APOGEE-2 spectra from DR14, it became clear that many objects have faulty PCN spectra (these objects are discussed in section 5). Our algorithm naturally classifies these objects as outliers, making it harder to find the more interesting outliers. For this reason, since DR13 does not suffer from this contamination, we apply the algorithm to DR13 data as well. DR13 contains spectra for 163,000 stars, 25,000 of which are non main survey. DR13 contains results from APOGEE-1, for which the target selection is somewhat different, and is described in Zasowski et al. (2013) . Unless otherwise stated the results presented in this paper refer to DR14, APOGEE-2 (which we will refer to as APOGEE) data.
We use only objects with S/N > 100, of which there are 193, 556 in DR14 (107, 390 in DR13) . The input data size is therefore the product of the number of objects by the number of features (wavelengths). The reason for not using low S/N objects is that when included, objects with spectra dominated by noise are detected as outliers. We note that for the high S/N objects we used, the weirdness score and the S/N are not correlated.
EXPLORING THE APOGEE DATASET USING A DISTANCE MATRIX
Using our distance matrix to find physically interesting outliers and study the structure of the dataset requires it to retain the complex information that we see in each object in the sample, which is a non-trivial task. In this section we explore what type of information our distance matrix contains. have seen some hints that the RF distance matrix contains a wealth of complex spectral information aggregated to a single number, the pair-wise distance, here to explore that question using visualization and dimensionality reduction tools.
Random Forest Dissimilarity
Briefly, the distance is calculated by the following procedure. First, synthetic data are created with the same marginal distributions as the original data in every feature, but stripped of the correlation between different features (the features in our application are the flux values at each wavelength of the spectra, as described below). Having two types of objects, one real and one synthetic, an RF classifier is trained to separate between the two. In the process of separating the synthetic objects with un-correlated features from the real ones, the RF learns to recognize correlations in the spectra of real objects. The RF is composed of a large number of classification trees, each tree is trained to separate real and synthetic objects using a subset of the data (the 'Random' in 'Random Forest' is referring to the randomness in which a subset of the data is selected for each tree, see Breiman et al. (1984); Breiman (2001) for details). Having a large number of trees, the similarity S between two objects (objects in the original dataset, i.e. real objects) is then calculated by counting the number of trees in which the two objects ended up on the same leaf (a leaf being a tree node with no children nodes), and dividing by the number of trees. This is done only for the trees in which both objects are classified as real. We define the distance matrix to be D = 1 − S. Using the distance matrix we can calculate a 'weirdness score' for every object, defined to be the average distance to all other objects. Below we refer to this weirdness score as W all . See for a detailed description of the algorithm.
To build the distance matrix we use the scikit-learn implementation of Random Forest. The number of trees we used is 5000. We note that this number was necessary to reach convergence, i.e. increasing this number further does not alter the results. Every 200 trees are built using a random subset of 10000 objects.
The t-SNE algorithm
t-SNE is a dimensionality reduction algorithm that is particularly well suited for the visualization of high-dimensional datasets. We use t-SNE to visualize our distance matrix. A-priori, these distances could define a space with almost as many dimensions as objects, i.e., tens of thousand of dimensions. Obviously, since many stars are quite similar, and their spectra are defined by a few physical parameters, the minimal spanning space might be smaller. By using t-SNE we can examine the structure of our sample projected into 2D. We use our distance matrix as input to the t-SNE algorithm and in return get a 2D map of the objects in our dataset. In this map, nearby objects have a small pair-wise distance, and distant objects have a large pair-wise distance. The two t-SNE dimensions have no physical interpretation. Since the dimensionality in greatly reduced in the process, this is approximate, and breaks for large distances. That is, the map does not show the relative pair-wise distance between "far away" and "very far away" objects. The map does preserve small scale structure.
The general idea of the t-SNE algorithm is quite simple -trying to preserve the distances of each object to its nearest neighbors (the number of which is determined by the perplexity parameter), while forcing the distances to reside on a lower dimensional plane, in our case 2D. There is usually no single best t-SNE map. Maps calculated with different numbers of nearest neighbors can provide the user with different information about the dataset. For example a map calculated with 10000 nearest neighbors is not likely to show a cluster that contains 100 objects, while a map with 100 nearest neighbors is. Other free parameters in t-SNE are of computational nature, and control speed vs. accuracy (accuracy of approximations done in different calculations inside the algorithm). A bad choice of parameters is usually manifested by a large fraction of the objects distributed randomly on the map. We consider a map in which all or almost all of the objects are located in structures to be a good map. Once we have that we can change the perplexity to determine the 'scale' in which the objects are clustered. A guide for effective use of t-SNE is available in Wattenberg et al. (2016) .
We use the scikit-learn (Pedregosa et al. 2011) implementation of t-SNE. We note that to get informative maps we had to significantly increase the learning rate parameter (in the t-SNE map shown below it was set to 40,000) from its default value of 1000. The perplexity we used was 2000. Both of these parameters required adjustment when changing the number of objects in the distance matrix. Building the map took about 3 days of computation on a machine with 32 cores and 1TB of RAM. When using the current version of scikit-learn (0.17), t-SNE is using memory of about 8 times the size of the distance matrix. The memory usage will be significantly reduced in future scikit-learn versions. We used the development version of t-SNE which will be included in scikit-learn 0.19. With this version the memory usage was reduced by roughly a factor of 4, depending on the perplexity.
A t-SNE map of the APOGEE dataset
We apply the t-SNE algorithm to our RF dissimilarity distance matrix. The map produced can be especially informative when using different object attributes to color the points.
In Figure 1 we use the following for color: T eff , highlight of M-type stars, metallicity, and log (g), based on the ASPCAP fit. Most of the objects lie in a right hand, mainly vertical, component of the map. In this part we see that the stars are sequenced by their surface gravity, where giants are located at the top and dwarfs at the bottom, as well as their effective temperature for which we get two separate sequences, one for dwarfs at the bottom of the map and one for giants at the top of the map. We also see an horizontal sequence that follows the metallicity, high metallicity on the right. On the left hand side of the map we have the hotter stars in the APOGEE sample, including the stars used for telluric calibration. The very low metallicity stars are located near these telluric objects, both having mainly featureless spectra.
In panel 1d we see that some M-type stars are located far from the rest. We manually inspect these objects as an example to see if this is due to the algorithm mis-locating a few objects, or if these objects are really different from the rest of their respective groups. We find that in this case the objects really have different looking spectra, with poor ASPCAP fitting. For example, some of these misplaced-Mtype stars turn out to be B-type emission line stars (Be stars).
From the t-SNE maps we learn that our distance matrix is capable of aggregating non-trivial information about the objects in the sample. Figure 1 shows that the distance matrix holds information about various physical properties, namely the figure is showing sequences in the effective temperature, surface gravity, and metallicity. These properties, in addition to the chemical abundances, affect the spectral features in non-trivial and partly degenerate ways, which we see are captured in the distance matrix.
The APOGEE pipeline derives the stellar parameters by means of best fitting templates. We see that some of the stars in the sample do not have derived parameter values. This is usually because these stars are extreme, at least with respect to the rest of the sample, and their stellar parameters fall outside the grid of spectral templates used by the pipeline. One can use the distance matrix to find these objects. As seen on the t-SNE map, the algorithm places the extreme objects next to the less extreme ones in a continuous sequence. In this sense we say that the similarity measure could be viewed as a generative model of the data.
Seeing here that globally the distance matrix captures the structure of the dataset, in the next two subsections we see that it could also be used to investigate the dataset at a 'smaller scale' -by looking at the most similar objects.
Object retrieval
We can use the distance matrix to query the dataset for similar objects based on their spectra alone. We use the example of carbon rich stars to show that the algorithm can find objects that were not possible to find using their AS-PCAP fit parameters. Carbon-rich stars have atmospheres with over-abundance of carbon compared to oxygen. In this case the excess carbon (i.e., carbon that is not tied in CO) will allow CN (and other carbon molecules) to form. In regular stars there will be excess oxygen, that will form OH. In Figure 2 we show a t-SNE map colored by the carbon to oxygen abundance ratio, from ASPCAP.
Focusing on a cluster of carbon rich stars we see that the objects are sequenced on the map according the the C/O abundance ratio. Most importantly we see that a number of objects without pipeline abundance value are located at the top of the sequence. We suggest that the pipeline is not able to fit these objects due to them having extreme abundances, and due to the difficulty of abundance analysis of spectra with very strong molecular lines. We manually Stars with no available value for a parameter do not appear on the map. For example, many dwarf stars do not have log g values, so the clusters containing dwarfs disappear from the log g map. The complex structure of the sample is apparent. In panels (e) and (f) we color the map by the weirdness score. W all is in panel (e), and W 250 is in panel (f). We see that when using W 250 , low T eff stars no longer dominate the high weirdness score population, and we get a more diverse outlier population that is spread on the t-SNE map.
inspect the 51 objects with no ASPCAP value shown in Figure 2 and see that they all show strong CN and weak OH, typical for carbon rich stars. Moreover, all of the 35 objects that have SIMBAD (Wenger et al. 2000) entry are classified as carbon stars, making the 15 objects without SIMBAD entry carbon star candidates. We note that many of these objects were observed as part of the APOGEE-2 AGB stars ancillary program, see Zasowski et al. (2017) . This in an example of a query for objects based on their spectra, instead of on their fit parameters. This is of importance for objects with bad or nonexistent fit parameters, that would otherwise be lost in the dataset. In a large enough Figure 2 . A t-SNE map colored by the carbon to oxygen abundance ratio, from ASPCAP. We focus on a cluster of carbon rich stars. We see that, according to a sequence visibly detectable on the map, objects at the high end of the sequence are not fitted by ASPCAP. Detecting these objects is possible using the similarity matrix.
dataset it is very likely such objects will exist, these can be extreme cases of known phenomenon outside the range of the model, rare objects outside the scope of the model, or other types of outliers in the dataset.
Spectroscopic twins
The distance matrix produced by the algorithm can be used for finding objects with spectra similar to each other, objects sometimes referred to as spectroscopic twins. This is trivially achieved by sorting the distance matrix.
One use of spectroscopic twins is measuring distances (Jofré et al. 2015) . Twin stars will have the same luminosity, and if we know the distance to one of the stars (e.g. using parallax), we can calculate the distance to the other by comparing observed magnitudes. Jofré et al. (2015) looked for spectroscopic twins among 536 FGK stars, and detected 175 pairs with spectra indistinguishable within the errors. As we work with a rather homogeneous sample of ∼ 10 5 stars, we expect a large fraction of (multiple) twins.
Example spectra for spectroscopic twins are shown in A1b. It can be seen that the pairs have virtually identical spectra. Note that in the top example in Figure A1b one of the spectra lacks an ASPCAP fit, preventing identification of a twin via these parameters. The middle pair have very similar parameters, while the bottom twins show more significantly different parameters. Our method finds them all, irrespectively.
One thing we note is that this method for finding twins works well for the common object types (common in terms of representation in the dataset), but might be less so for underrepresented types of objects (in which case we still get similar spectra, but not identical). The reason being that our unsupervised RF uses more extensively the features that are important for regular objects, and as a result it can separate objects based on subtle differences in these features. For other features that might not be important to most of the objects (for example hydrogen absorption or emission), the RF uses cruder cuts to separate objects.
As a test for the selection of twin objects we look at the angular separation of stars with similar spectra. APOGEE stars living in the same environment are more likely to have similar physical properties, and thus similar spectra. We expect that pairs of stars we detect as having similar spectra will have higher probability to be located near each other compared with random pairs of stars. We note that there is an observational effect playing a role here -the APOGEE sample is not uniform in different parts of the galaxy (for example, dwarfs from the galactic bulge are too faint for APOGEE and are not observed). In Figure 3 we show the distribution of the angular separation of each star in our sample with its nearest neighbor (as defined by our distance matrix), compared to random pairs of stars. Clearly the twins we find are physically associated. We release our entire distance matrix, and we will update it with future data releases, allowing others to use the twins for further study. We note that our methodology does not allow one to compare well objects with different S/N, nor does it give a statistically meaningful similarity measure. However, it bypasses the difficulties of comparing spectra in data or model space, while producing very robust results. An additional example for using a distance metric to find similar objects is found in Jofré et al. (2017) , who looked for nearest neighbors on a t-SNE map of RAVE stars in search for spectroscopic twins. To build the t-SNE map euclidian distance were used.
EFFICIENT OUTLIER DETECTION
An important usage of the distance matrix is outlier detection. For this purpose we calculate a weirdness score for each object in the sample. This weirdness score is calculated by summing over the distance matrix. In this section we use the t-SNE visualization in order to understand the properties of this weirdness score. We present a new, local, definition of a weirdness score. We use this local weirdness score for APOGEE stars, and find it is more suitable for detecting outliers.
We can use the t-SNE map in order learn about the weirdness score properties. In Figure 1e we color the t-SNE map by the weirdness score. The central, low W all part of the t-SNE map contains about half of the objects in the sample. . W all distribution for all objects in the sample. The two bumps in the distribution are composed mostly of objects with no ASPCAP fit parameters. Inspecting the spectra of these objects, we see that one bump contains low T eff stars, while the other contains low metallicity and hot telluric calibration stars (i.e. stars with weak or non existent absorption lines).
These objects are G and K giant stars, with weak molecular features in their spectra, but with prominent metallic features. They comprise one large group of objects with similar spectra. Below we refer to these objects as the main group. Example spectra for such objects are presented in Figure  A1a . For each object in the figure we present the percentile of the object's weirdness score, i.e. the percent of the objects with lower weirdness score.
In order to better understand the properties of W all , we examine its distribution in Figure 4 . The distribution decreases smoothly to high weirdness except for two bumps. We interpret the bumps as clusters of stars in our similarity space. One bump consists partially of low-temperature stars, and the other is due to stars with weak or non existent absorption lines --metal poor stars and telluric calibration targets. The bumps in the distribution of W all are due to the fact that there is one dominant cluster of objects in the dataset, and the objects in smaller clusters receive a weirdness score based on how different they are from objects in the main cluster. These results might be useful to detect clusters, or to clean up the dataset from objects outside the main group, but in order to find small classes of interesting outliers, we need a better outlier definition.
To address the issue described above we introduce the 'nearest neighbors weirdness score', a modification to the algorithm that produces 'better outliers' for the APOGEE dataset. When looking for better outliers, we wish to get several different types of objects detected as outliers, in contrast to a weirdness score that strongly correlates to a single attribute (e.g. the effective temperature). In addition we expect to be able to detect known outliers such as binaries and bad spectra.
Instead of defining outliers based on their average distance to the entire sample, we use a more local measure, and for every object we calculate distances to its nearest neighbors. This measure of unusualness is used for distancebased outlier detection in other fields (Knorr & Ng 1999; Knorr et al. 2000) . The resulting weirdness score distribution is shown in figure 5 . We can see that the bumps in the weirdness score distribution go away for a small enough A t-SNE map with the 250 nearest neighbors weirdness score (W 250 ) is shown in Figure 1f . Clearly, there is a group of stars that have persistently high (percentile) weirdness score for any number of nearest neighbors used. On the other hand, the high T eff stars no longer have high weirdness score for small numbers of nearest neighbors. This results in various other groups of stars receiving higher percentile weirdness score.
An open question regarding many outlier detection algorithms is setting a threshold on the weirdness score, i.e., determining above which weirdness score we mark an object as an "outlier" and inspect it further. The t-SNE map could be of help here too: looking at the W 250 t-SNE map (Figure 1f) we can see that for each group of stars on the map, the edges receive higher weirdness score. We do not want to mark these edges as outliers, and from the t-SNE map we determine that this would be achieved with a threshold of 0.6, for this specific dataset.
The classification of the outliers is made easier by sorting the objects using their position on the t-SNE map. This way we can classify groups of similar objects instead of one object at a time. Another method we try for outlier inspection is called DEMUD (Wagstaff et al. 2013 ). Instead of examining the outliers sequentially, one starts from the weirdest object, and then inspects the weird object that is the farthest from the first, followed by the one farthest from the first two, and so forth. The idea is to sample the different populations of outliers quickly, stopping once we start seeing the same types of objects repeating. For the final classification of the outliers we chose a threshold on the weirdness score (as discussed above) and use the t-SNE map to help with the classification. This is followed by taking a lower threshold on the weirdness score and using DEMUD to look for additional types of outliers. This second step did not result in new types of outliers. 
APOGEE OUTLIERS
In this section we present the results of manual classification of the highest W 250 stars. Here we use results from both DR14 and DR13, as in DR14 many objects have poorly determined continua. In total we look at 577 objects. The distribution of the different groups of outliers for DR13 only is shown in Figure 6 . We find the following large groups: Be stars, young stellar objects, carbon enriched stars, double lined spectroscopic binaries (SB2), fast rotators, M dwarfs, M giants and cool K giants (these stars have the highest W all ), and stars with bad spectra. In addition we find a number of objects that do not fit into any of the above classes.
"Bad spectra" are objects with ASPCAP warn flags, combined with a strange looking spectrum. The flags we encounter for the outliers are commissioning, persist high, and persist jump neg(high). Other "bad spectra" objects are not flagged but have faulty spectra. These appear only in DR14 and we discuss them below.
We note that these classes are not mutually exclusive (in Figure 6 each object is assigned to a single class we believe describes it best).
B-type emission line stars
The objects in this group are Be stars. APOGEE targeted approximately 50 known Be stars in an ancillary program, while the additional Be stars in the APOGEE sample were originally targeted as telluric standard stars. Chojnowski et al. (2015a Chojnowski et al. ( , 2017 ) compiled a catalog of 238 Be stars in the APOGEE dataset. They identified these stars by visual inspection.
We find 40 Be stars not included in the Chojnowski et al. (2015a) catalog. These new Be stars first appeared in DR14. For 26 of these stars emission was never reported before. We list these objects in table A2. Some of these stars were detected as outliers, while the rest were found by inspecting the neighbors, in the distance matrix and t-SNE map, of the outliers.
As seen in Figure A1j , these stars have double peaked H-Br emission lines and weak absorption lines. For some Be stars, metallic emission is also present. ASPCAP fails to derive radial velocities for these objects, due to their unusual spectra.
Spectroscopic binaries
Example spectra of SB2s are shown in Figure A1c along with their best fitting synthetic spectra. As seen, ASPCAP does not account for binarity. For some of the SB2s ASPCAP fits broad lines, and for others it fits only one of the two sets of lines. In general the APOGEE reduction pipeline does not have an automatic binary identification routine (Nidever et al. 2015) . Chojnowski et al. (2015b) compiled a catalog of spectroscopic binaries in APOGEE 2 . The catalog is constructed by searching for multiple peaks in the spectra cross correlation function, when comparing to the synthetic template spectra. 15 of the 72 binaries we find as outliers are not listed in the catalog of Chojnowski et al. (2015b) and are therefore new.
Fast rotators
Broad line stars are also detected as outliers. ASPCAP fits broad lines well for dwarf stars but not for giants, as can be seen in Figure A1d . These stars are all flagged with suspect broad lines by the ASPCAP pipeline.
Carbon rich stars
Carbon rich stars (discussed in section 3.4) are also detected as outliers. In Figure A1e we can see the strong CN compared to OH lines for a few carbon enriched stars. The weirdness score increases with the strength of the CN features.
Young stellar objects
Stars in this group show both H-Br emission lines as well as regular metallic absorption lines. They are mostly young stars included in the INfrared Survey of Young Nebulous Clusters (IN-SYNC, Cottaar et al. 2014) . We detect stars with both broad and narrow emission, and with absorption that can be broad or narrow as well as double lined (SB2s). SIMBAD classification for stars in this group include 'Variable star of Orion type', 'T Tau-type Star', 'Pre-main sequence Star', and 'Young stellar object'.
M dwarfs
M dwarf stars are also detected as outliers. This is due to the small number of M dwarf stars in the APOGEE sample. Example spectra are in Figure A1g. 2 Their catalog can be found here http://astronomy.nmsu.edu/drewski/apogee-sb2/apSB2.html
Other outliers
Some of the objects detected as outliers did not fall into any of the above classes. These include a brown dwarf, a WolfRayet star, a few AGB stars including an OH-IR star, and known variable stars, as well as three red supergiants observed in the massive stars ancillary program. Also detected as outliers are special non stellar targets, such as the center of M32, a few M31 globular clusters, and three planetary nebulae. Two outliers show double peaked H-Br emission lines, as well as absorption lines typical to the APOGEE dataset. Both of these objects show RV modulations, suggesting they are multiple star systems. For the first, 2M04052624+5304494, the RV modulation of the absorption lines (determined from APOGEE visit spectra), could be modeled with a period of P = 11.152 ± 0.072 days, and amplitude of K = 78 ± 15 km s −1 . The emission lines in the APOGEE spectra show smaller RV modulation, if any. For the second, 2M06415063-0130177, the absorption lines RV changes by ∼ 160 km s −1 between two APOGEE visits. The visits are separated by 28 days. For the emission lines we could not get a good estimate on the RVs, as the emission line profiles change significantly between the visits. A CoRoT light-curve is available for this system, showing clear periodic modulation. A period of P = 29.04 days was derived for this light-curve by Affer et al. (2012) . We note that this period does not agree with the RV modulation. For both of these systems additional work is required to determine their nature.
We also detect a group of objects with similar, very broad features. Most of these objects have SIMBAD classifications as contact binaries, mainly W Ursae Majoris.
A few objects remain unexplained. We divide these objects into two groups. In the first group we have objects with spectra that seems to have similar features to typical APOGEE red giants (by means of visual inspection). The second group contains stars with spectra that are clearly different from typical APOGEE red giants. We refer to the first group as unexplained red giants, and to the second group as unexplained non red giants. Some of the unexplained red giants stars have low carbon and high nitrogen ASP-CAP abundances. Inspecting their spectra, we do see significantly weaker CO features relative to low weirdness score stars with similar stellar parameters. One of these stars, 2M17534571-2949362, is discussed in Fernández-Trincado et al. (2017) as having low Mg, but high Al and N abundances. There are three unexplained non red giants, the first is 2M03411288+2453344, which was targeted as a telluric calibrator target. As could be seen in Figure A1h , the ASP-CAP fit does not catch many of the features in the spectrum, in particular there is no H-Br absorption. The cross correlation function shows a single peak, suggesting it is not a binary star. There are 3 visits to this star, all showing the same features. The objects most similar to this one, according to the distance matrix, do not show similar features. 2M05264478+1049152 has very broad features that we do not identify. Same goes for 2M23375653+8534449 which also has a single emission line centered at λ = 16055[Å] that we cannot identify. We show the spectra of the unexplained non red giants in Figure 7 .
Bad reductions
In DR14 roughly half of the high weirdness score objects have badly determined continua. We show a few examples in Figure A1 . These objects can be divided into two groups. For the first group, the issue seems to be a bug in the ASPCAP PCN process. For objects in this group the combined unnormalized spectra looks regular, as well as the DR13 PCN spectra (for objects with available DR13 data). For the second group already at least one of the visit spectra is faulty, and this error propagates down the pipeline. Examples for both of these errors are presented in Figure A1i .
SUMMARY
In this work we calculate a similarity measure for APOGEE infrared spectra of stars. We show that this similarity matrix traces physical properties such as effective temperature, metallicity and surface gravity. Such a similarity matrix could be used for object retrieval, i.e., finding objects that are similar to a given example, it can be used to detect outliers, and more generally to assist learning about the structure of a dataset. The similarity is obtained without inputing information derived by model fitting, and thus the similarity could be used to query and learn about objects that are not well fitted by the pipeline and as such are hard to find using the fit parameters database.
As noted above, we find that the unsupervised RF is capable of aggregating complex spectral information into a single number, the pair-wise distance between two objects. We find that various stellar parameters are encoded into this distance, and that the resulting RF represents a general model of stellar spectra showed that this is true for spectra of galaxies). As such, one can imagine inverting the process, and using the trained RF to generate "real-looking" objects, which is in turn a generative model.
Using this unsupervised RF distance matrix and dimensionality reduction techniques, one can study the structure of the data, and the relations between different classes of objects within a dataset. However, it is worth noting that much of the insight gained about the APOGEE sample was made possible using the derived ASPCAP stellar parameters. Without these labels, coloring the t-SNE map would not have been possible. While our proposed unsupervised distance matrix contains various types of information, the extraction of this information still heavily depends on annotations of the distance matrix. Thus, for many applications, it is only the combination of our approach and existing knowledge about the dataset that can be useful to gain additional insight.
Using our distance matrix to detect outliers, we find objects from the following types of known classes: B-type emission-line stars, carbon rich stars, spectroscopic binaries, broad line stars, young stars, bad spectra, and M dwarfs (which are ordinary but underrepresented in the dataset), showing that the algorithm is capable of detecting a wide variety of phenomena. A few dozens of objects that were detected as outliers did not fall into any of the large groups, these include special targets such as galaxies, globular clusters, and planetary nebulae, stars with unusual abundances, contact binaries, stars observed with the massive star ancillary program and more. Three outliers remain without explanation.
Some of the carbon rich outliers have a poor ASPCAP fit, though these groups are included in the ASPCAP stellar spectral library. Possibly the objects without a good fit are extreme cases and could be used to improve and test the pipeline. The SB2s detected as outliers have diverse types of spectra and could be used to test SB2 detection specific algorithms. Bad spectra objects and underrepresented objects are not interesting by themselves, but detecting them could be useful in order to clean the sample and find bugs in the pipeline. Finding new Be stars is an example for detection of new objects of known types using the distance matrix or t-SNE map. This is especially useful in larger surveys, where visual inspection is not feasible.
The use of t-SNE to visualize the distance matrix was also useful for the purpose of outlier detection. This enabled us to speed up the classification of the outliers by classifying nearby objects together. More importantly, the t-SNE map proved to be useful in learning about the regular objects in the data set, an important step to take before looking at the outliers. Viewing spectra of objects located in different regions of the t-SNE map allowed us to quickly review the different classes of regular objects. For the APOGEE dataset, in which there is one large group of similar objects, a nearest neighbors weirdness score, or a 'local' weirdness score, was needed in order to detect the interesting outliers. Although this was not required to detect the interesting outlying galaxies in , we believe the the local weirdness score is more general and should be used in future work. The number of nearest neighbors to use when calculating the local weirdness score is dataset dependent. Coloring the t-SNE map by the different weirdness scores or building t-SNE maps with different perplexities, can help decide on which number of nearest neighbors is appropriate. It is also possible that in order to detect all interesting objects one type of nearest neighbors weirdness score would not be enough, as different types of outliers can come in different (small) cluster sizes. In our case the outliers population seemed robust to a number of nearest neighbors from a few to a few thousands. We note that for the map shown in Figure 1 we used perplexity of 2000. This value was chosen in order to make the visualization relatively simple. With smaller perplexity we obtained maps with more complex small scale structure, such as small clusters. These maps could be useful for investigating the data further but for a clean visualization of the large scale structure we used a high perplexity map.
Future work could involve combining the distance matrix, which is based on spectral data alone, with other types of available data. A natural direction is the physical position of a star. For example, one can look for stars that are normal compared to the entire population of stars, but are weird when compared to their local environment. A table with the 100 nearest neighbors of each object, including their respective distances, is available online. We also include the coordinates for the t-SNE map shown above. Examples for using these data products are available in a Jupyter Notebook 3 .
(a) Regular objects, i.e. objects with low weirdness scores. Clearly, all have similar spectra. PR (W 250 ) indicates the percentile of objects with lower weirdness score.
(b) Three example pairs of spectroscopic twins. The twin spectra are over-plotted, one in green and the other in blue. Note that in the top example one of the stars lacks an ASPCAP fit, preventing identification as a twin via these parameters. Figure A1 . Example spectra for different groups of objects. The spectra plots were made using the APOGEE toolkit by Bovy (2016) . The red line is the ASPCAP fit and the blue line is the PCN spectrum, except where indicated. PR (W 250 ) indicates the percentile of objects with lower weirdness score. Relative fluxes are offset by a constant for display purposes. In every panel we choose the most informative wavelength range. (f) Stars with both absorption and hydrogen emission. Top spectrum is a typical APOGEE red giant, for comparison. We see both narrow and broad emission stars, and also both narrow and broad absorption. The second spectra from the top is also an SB2. The bottom spectrum has bad RV determination. (h) Stars from the 'others' pile. Top spectrum is a typical APOGEE red giant, for comparison. Starting from the second from top, the four outlying spectra are brown dwarf, massive star target, unexplained red giant, and a Wolf-Rayet star. In Table A1 we present all the objects detected as outliers, and did not fall into any of the large groups. Tables with the objects in the rest of the groups are available online.
In Table A2 we list Be stars which are new in DR14 and thus not included in the Chojnowski et al. (2015a) catalog.
In Table A3 we list carbon rich stars that were detected as outliers.
In Table A4 we list the spectroscopic binaries that were detected as outliers.
In Table A5 we list the spectroscopic binaries that were detected as outliers.
In Table A6 we list the objects with bad DR14 reductions.
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